We study the intervention problem for public-interest goods. Public-interest goods are known as goods with positive externalities, allowing the consumer as well as others who do not pay for them benefit from the consumption. Health related goods, such as vaccines, or products with less carbon emissions are well known examples. We consider a supply chain for such a product. Generally, wider adoption or usage of such goods is ensured by the intervention of a central authority in their supply chain. We explore the problem for a setting composed of a retailer and a central authority. The main goal of the central authority is to design and fund an intervention scheme so that decisions of the channel are in line with the good of society, specified as a social welfare function. We propose two intervention tools applied simultaneously: (1) investing in demand-increasing strategies, which affects the level of the stochastic demand in the market; and (2) rebates that affect revenue per unit received by the retailer. We introduce a model that determines a utility maximizing intervention scheme and further investigate the model. We also present two decentralized approaches as benchmarks. Finally, we conduct a case study for California's electric vehicle market and validate our findings by a detailed analysis of the results, including comparisons with the current practice.
Introduction
This study is motivated by public-interest goods, which can also be referred as goods with positive externalities. Health related products, energy efficient appliances, and recent developments in green technology (e.g., electric vehicles, solar panels, etc.) are some notable examples. A distinguishing property of these types of goods is that in addition to consumers, third parties (who do not pay for them) enjoy the benefits of their consumption. For instance, people who get the influenza vaccination reduce the chances of non-vaccinated people getting the flu. As the examples indicate, the usage of public-interest goods tremendously benefits individual customers and the majority of the society, so a central authority usually intervenes in the supply chain for the good of the system. Significant examples of intervention include the intervention of the US government, the World Bank, the Global Fund to Fight AIDS, and Tuberculosis and Malaria in distributing medicines, vaccines, and fortified foods to countries in need [33] ; the intervention of the German government in the solar panel market [25] ; the intervention of the French government in conjunction with the European Union in the petro-chemical industry to encourage biofuel production [4] ; and the intervention of the US government and states in the electric vehicle market [37] . The ultimate role of a central authority in such cases is to design and fund an intervention scheme that will enable the chain to choose decisions for the benefit of the society, social welfare. The key question, then, is how to design an intervention scheme that maximizes social welfare.
This paper considers a general setting composed of a retailer and a central authority that regulates the system through an intervention scheme. The intervention has the goal of maximizing expected utility (social welfare) rather than only maximizing expected profit. A critical consideration in designing an intervention mechanism is how it should be incorporated into the system. One alternative is to invest in demand-increasing strategies, such as advertising, education, research and development, and awareness campaigns, so that the demand pool is enhanced in the medium to long run. Another alternative can be either offering rebates to customers or administering subsidies to each unit sold. In fact, rebates and subsidies per unit sold operate similar to each other in terms of improving availability of the product at the retailer via increased unit revenue, and at the same time making the good more attractive for the customers given the level of their willingness to pay. So, we refer to the second intervention tool as rebates in the rest of the paper. Analysis of interventions through Contents lists available at ScienceDirect journal homepage: www.elsevier.com/locate/omega subsidies or rebates is common in the literature, especially for public-interest goods. For example, Raz and Ovchinnikov [30] consider an intervention mechanism consisting of rebates and subsidies for a general class of public-interest goods; Mamani et al. [27] consider a subsidy program to achieve optimal vaccination coverage, and Lobel and Perakis [25] consider subsidies to achieve a desired adoption target for solar photovoltaic technology. Our work is the first to consider alternative strategies for intervention, affecting both supply and demand. Specifically, we propose a joint mechanism, where the central authority uses investment in demand-increasing strategies and rebates simultaneously. In some sense, then, the problem is to decide on the optimal allocation of the central authority's budget among these two intervention tools.
We formulate this framework via bilevel programming. A bilevel programming problem is a hierarchical optimization problem that includes two mathematical problems within a single instance, one of which is part of the constraints of the other. To summarize, an upper-level decision maker or leader makes his optimal choice first and then a lower-level decision maker or follower makes his decision by optimizing his objective given the dominant player's action. A distinguishing property of this programming is that each player's decision is affected by the other's decision, but is not completely controlled by it (see [10, 3] for more details). In our case, the central authority is the leader, whose objective is to maximize social welfare, whereas the retailer is the follower, whose objective is to maximize expected profit. The central authority decides on the direct investment amount for the demand-increasing strategies and on the rebate amount per unit, then the retailer decides on the order quantity. There are few welldocumented cases of direct investment response functions, but they are generally assumed to be concave for advertising (e.g. [19, 22, 1, 23] ), and we follow the same assumption in this paper. The concave response function indicates that as the money invested increases, so does the expected demand, but with a monotonically diminishing rate. On the other hand, the retailer's problem is a newsvendor problem incorporating the rebate amount. The retailer decides on the profit maximizing order quantity. In addition to developing the modeling perspective, we characterize the optimal intervention strategy and provide useful insights for regulating these goods. We also present three benchmark approaches: one is a no-intervention case and two are decentralized approaches that work with a predetermined rebate amount. Finally, we provide a detailed case study for the California electric vehicle market that assesses the performance of our approach relative to the current mechanism and the applicability of the proposed model.
The first contribution of this paper is using bilevel programming for modeling a newsvendor environment with welfare implications. Designing a joint mechanism consisting of investment in demand-increasing strategies as an additional intervention tool and considering a budget are also novel. Further, we introduce several variations of the model as benchmarks. Finally, we conduct a case study to analyze the benefit of using the proposed mechanism by implementing a novel parameter calibration approach.
The remainder of the paper is organized as follows. Section 2 summarizes the related work in the literature, Section 3 presents our model, along with highlights of some analytical results, Section 4 introduces benchmark approaches, Section 5 proceeds with a case study and computational results, and finally, Section 6 presents concluding remarks.
Literature review
This paper considers the supply chain of a public-interest good, hence it is closely related to the literature on economics and operations management.
The economics literature has focused on policy design for regulating monopolies in the public-interest (see [17, 34] for further details). Subsidy, tax, and lump-sum transfers are frequently used as public policy instruments in welfare economics. The details on how they are used and their effects on the economy are discussed thoroughly in [16] . Moreover, the impact of intervention tools (such as subsidies and advertising) for accelerating the diffusion of a new product is investigated in the literature. In this context, government is concerned with maximizing the number of adopters while determining the intervention scheme. Here, the intervention tools directly affect the adoption level. On the other hand, in our paper we study the intervention problem in a newsvendor setting, thus the tools are affecting the order quantity. Some examples from this stream of literature are: [14, 18, 11] . Horsky and Simon [14] examine the effect of firm's advertising strategy on the adoption level of a new product, whereas Kalish and Lilien [18] study the problem of determining a time dependent subsidy scheme under a predetermined government budget. In a recent study, De Cesare and Di Liddo [11] , innovation diffusion problem is examined for a Stackelberg game. The government chooses the subsidy amount given a predetermined budget, whereas the monopolist producer determines the pricing and advertising strategies.
There is a stream of studies that deals with incentive mechanism and multi-agent decision making for hierarchical systems in the context of operations. In hierarchical systems such as supply chains, health care systems or service organizations, each stage attempts to maximize its own profit, which nevertheless may not coincide with the optimal decisions for the entire system. Two early examples of such studies are Schneeweiβ [31] and Schneeweiss [32] . The latter is a review of more general systems, where decisions are taken in a distributed manner under available information for each agent. Additionally, such systems can be analyzed under varying decision time scales and asymmetric information availability of agents [39, 40] . Compared to this stream of literature, our approach considers a central authority with all available information.
When we look at the supply chain literature, we see an extensive literature focusing on the impact of incentives on the echelons in a newsvendor environment. Instead of welfare/utility implications, they focus on the profits of firms while designing contracts. (See [5] for a detailed review of the supply chain contracting literature.) Although the problem under consideration is a typical problem seen in various settings, studies that combine an intervention mechanism and social welfare in a newsvendor setting are scarce and generally focus on a certain product (usually vaccines) and consider subsidies or rebates as intervention tools.
Refs. [8, 12, 27, 2] are some examples that analyze welfare implications in the vaccine market while determining the optimal coverage level. All these studies consider specific details of the vaccine market, such as infection dynamics and/or yield uncertainty. Chick et al. [8] assume that demand is exogenous to their model, whereas Deo and Corbett [12] assume that the price is set after yield is realized. However, Arifoğlu et al. [2] and Mamani et al. [27] incorporate consumer behavior in this context. The features of the above-mentioned studies make them inapplicable to other types of public-interest goods. Regarding health related products, Taylor and Xiao [33] study design of subsidies from the perspective of a donor with a budget constraint for improving the availability of malaria drugs. The authors show that the optimal subsidy scheme of donor should include only purchase subsidy (i.e. optimal sales subsidy should be zero). Zhang et al. [40] is an application of the multiscale decision theory approach to health care. Similar to our approach, objective functions of stakeholders are monetized.
Lately, the operations management literature has been dealing with implications of intervention mechanisms on sustainability (e.g., [24] ) and green technologies (e.g., [21, 25, 15] ). Liu et al. [24] assess the effects of government incentives on the recycling of waste electrical and electronic equipment in a dual channel setting. Our paper is mostly related to studies on promoting green technologies. In this domain, Krass et al. [21] investigate the effects of fixed cost subsidies and taxes placed on emissions regarding the adoption of green technologies. The authors consider a deterministic price dependent demand and a joint mechanism composed of taxes and fixed cost subsidies for regulation purposes. Lobel and Perakis [25] propose a subsidy scheme for motivating the adoption of solar panels. Instead of maximizing the social benefits of this technology, they use an adoption target level for deriving the optimal policy. Huang et al. [15] analyze the impact of a government's subsidy incentive scheme for promoting electric automobiles. Kim et al. [20] , on the other hand consider a related operational model for electric automobiles and conclude that operational arrangements will be instrumental in increasing the demand for the product; this can be considered as an example for demand-increasing strategies.
Raz and Ovchinnikov [30] and Cohen et al. [9] are closest to our work in terms of analyzing welfare implications in a newsvendor environment. Our newsvendor setting differs from these studies in that they present a price-setting newsvendor model, whereas we assume that demand distribution changes based on investment in demand-increasing strategies. The former consider a joint intervention mechanism composed of subsidies and rebates for improving the availability of the public-interest good and maximizing social welfare. Also, they use a specific form of social welfare function consisting of a firm's profit, consumer surplus, an externality benefit, and government costs. Cohen et al. [9] study a subsidy design problem for early stages of green technology adoption. Their model finds a subsidy scheme that maximizes welfare (composed of the supplier's profit, a consumer surplus, and government expenditures) in addition to satisfying the given adoption target level. Both studies enrich their findings by a case study for Chevy Volt in the US market.
Our paper differs from the above-mentioned studies in three dimensions: (1) a joint intervention mechanism, consisting of demand-increasing strategies and rebates; (2) an explicit budget consideration on the joint intervention mechanism; and (3) a relatively general social welfare function with the emphasis on optimizing the budget allocation problem.
Model
This section describes a unifying framework to design an intervention mechanism for a general class of public-interest goods. We utilize this framework for characterizing a strategy that will encourage the usage of this type of good.
We study the problem in a setting composed of a retailer and a central authority. In this context, the retailer refers to either an entity that both manufactures and sells the good, or a coordinated manufacturer-retailer system. The retailer sells the good to individual customers and by its consumption not only the buying individual but also other individuals benefit. The main goal of the central authority in this framework is to regulate the system to increase the good's availability and consumption, and hence collective societal welfare.
The central authority regulates the system through a joint intervention mechanism composed of two different tools: (1) investment in demand-increasing strategies; and (2) rebates. The central authority decides on the direct investment amount made in demand-increasing strategies B d , the total amount assigned to rebates B r , the rebate amount r, and the budget B. Depending on B d , the distribution function of demand changes. Note that r is a rebate available to the end customers. More specifically, let p denote the price the customer is willing to pay for the good; then the retailer earns a revenue of p þ r from each unit sold. This scheme helps customers buy a good that costs more money than they would otherwise be willing to pay and improves the availability of the good at the retailer. We define central authority's objective function as uðQ ; B d ÞÀB to maximize utility (or can be named as social welfare), uðQ ; B d Þ reflecting benefits to society in monetary units, and B capturing the budgetary expenses of intervention mechanism.
We model the retailer's problem similar to a newsvendor problem. The retailer decides on the order quantity Q by incurring a unit acquisition cost c, gaining a unit retail price p þ r, and a unit salvage price s for unsold goods, with the intention of maximizing the expected profit. However, the distribution of demand depends on the amount the central authority invested in demandincreasing strategies, B d , with pdf f B d ð:Þ and cdf F B d ð:Þ. Throughout the study it is assumed that the cdf of demand is monotone increasing in its argument. 
where
Notice that D denotes the demand. Eqs. (1)-(6) express the upper-level problem while (7) corresponds to the lower-level problem. Constraint (2) ensures that the money invested in B d and B r is not more than the budget, whereas constraint (3) limits the expected total rebate amount to the budget allocated to rebates. Note that B d indicates the level of demand to be considered. Constraint (4) restricts the values that r can take, i.e. it assures that r is greater than c À p so that the cost of underage is greater than 0. This constraint assures a minimum rebate needed to have the product available in the market. The non-negativity of r, B d , and B r are guaranteed by (5) and (6) . Last, (7) reflects the retailer's problem.
The context discussed can be viewed as a classical leaderfollower game, in which the central authority has the role of leader (or a higher-level decision maker), with the objective of maximizing utility (1) and the retailer has the role of follower (or a lower-level decision maker), with the objective of maximizing expected profit (7) . Note that by modeling this framework by bilevel programming, we do not solely maximize utility or expected profit; rather we maximize the retailer's expected profit under the dominant objective of the central authority.
Remark 1.
(i) The total budget will be summation of B d and B r at the optimal solution. Thus, B can be eliminated from the formulation using equality. [3] ).
Lemma 3.1. E½PðQ Þ is concave in Q for every B d , B r , and r. This assures that the solution to the lower-level problem is unique, implying that it can be replaced by its first-order condition (by p. 308 of [3] ).
Accordingly, Model JM can be written as the following singlelevel mathematical program:
r Z c Àp ð10Þ
A general bilevel programming problem is the most challenging of bilevel programs both theoretically and computationally. By reducing the Model JM to a single-level program, we obtain a relatively easy program to solve. Henceforth, we continue our analysis with Model JM-SLP, which is a standard nonlinear program with a nonlinear objective function and constraints. Note that the constraint set of Model JM-SLP is not necessarily convex.
Special case: societal benefit is a linear function of expected sales
In this subsection, we analyze Model JM-SLP for a specific objective function of the central authority and mean demand function.
Assumption 1. Suppose that utility function is defined as
Note that β times expected sales is used to capture the monetary benefits to society, where β is the monetary value ($) per expected sales. In practice, the central authority is generally interested in increasing the number of adopters, so expected sales is a reasonable measure to quantify benefits.
Assumption 2. Similar to the approach in the advertising literature, we consider an increasing and concave response function of B d , which is in the following form:
Specifically, mean demand increases as B d increases, but with a monotonically diminishing rate. In this form, as B d approaches infinity, demand distribution approaches a limiting distribution with a mean of μ 1 . Note that if other parameters of a distribution are also affected by B d , they can be modeled similar to (14) .
Under this utility function, we can modify the model Model JM-SLP as follows:
We further analyze Model SC under specific distributions for demand. We consider exponential and lognormal distributions to represent family of distributions induced by B d .
Corollary 3.1. Consider the Model SC given in (15)- (19) . Demand follows a family of distributions dependent on B d , where mean of the distribution follows (14) . If the family of demand distributions is exponential or lognormal with constant coefficient of variation, then the optimal rebate amount is independent of optimal B d .
Proof is presented in Appendix A. Corollary 3.1 indicates that the optimal rebate amount is not affected from investment made in demand-increasing strategies, efficiency of the strategies, and mean demand before and after investment. From another perspective, the rebates are independent of the planning horizon considered, as one would think that planning horizon considered will change the parameters of demand. From the perspective of retailer, optimal fractile value is constant, regardless the demand parameters, as dictated by the form of the objective function.
Note that for the lognormal distribution, we hold the coefficient of variation constant with respect to the changes in the values of B d , i.e. variation of demand increases with the increase in mean demand. Next, we consider an environment in which demand-increasing strategies will also reduce variability in the following form:
Note that we can define cv imp as portion of the coefficient of variation value that can be eliminated. In particular, coefficient of variation decreases as B d increases, but with a monotonically diminishing rate. As B d approaches infinity, the demand distribution approaches a limiting distribution with a mean of μ 1 and coefficient of variation of cv min .
Corollary 3.2. Consider the model Model SC given in (15)- (19) , mean demand function given in (14) , and coefficient of variation function given in (20) . If demand is lognormally distributed, then the optimal rebate amount will be dependent on the optimal B d .
Proof is presented in Appendix A. Intuitively, if demand increasing strategies also decrease the variability of demand, the optimal rebate amount, i.e. optimal fractile, becomes a function of B d , as well.
Benchmark approaches
This section explores three benchmark cases that can be used to assess the performance of our approach. The benchmark approaches considered are representations of the mechanism taking place in practice, where the rebate amount is decided by the central authority [7] .
The first benchmark is an obvious one, no-intervention case, which may help us better understand the impact of intervention in this type of system. However, if c 4 p, the system would not operate without intervention. Hence, we cannot employ a no intervention scenario even as a benchmark for c 4 p cases.
The second benchmark is a decentralized approach, which is explained in detail in the next subsection, and the third benchmark emerges as an extension of it. Note that Remark 1 applies to these benchmarks as well.
Decentralized approach
The difference of the decentralized approach from the joint mechanism is that the problem is solved for a prespecified rebate amount. In other words, decisions about intervention tools are not made jointly; specifically, the rebate amount is preset by the central authority. Under certain demand functions considered in Corollary 3.1, the preset amount by the central authority may be the optimal solution. However, under conditions stated by Corollary 3.2, the rebate amount is a function of B d .
Our model formulation for this approach is as follows:
; ð12Þ; ð13Þ
Base decentralized approach
Inspired from the previous case, we construct another reference, in which the central authority regulates the system only by rebates that are predetermined by the central authority (i.e. B d ¼ 0 in this case). We call this approach the base decentralized approach henceforth. The aim of this approach is to see how the system operates with a preconcerted rebate amount. No optimization is needed; newsvendor quantity and expected sales corresponding to the predetermined rebate amount are computed, and central authority will assign B r accordingly. The following lines summarize Model BDA:
Case study: the California electric vehicle market
In this section, we employ the joint intervention mechanism introduced in Section 3 to explore the intervention mechanism in the California electric vehicle (EV) market.
According to a report of the World Business Council for Sustainable Development [38] , the global light duty vehicle fleet is projected to be two billion by 2050. Globally, light duty vehicles are the main contributor of greenhouse gas emissions and depletion of fossil fuel resources [13] . As a response to the increasing pattern in vehicles on the road and its associated implications on climate change and resources, EVs have received increased attention from environmentalists, industry, governments, and academics in the last decade, and have emerged as a strong alternative to conventional internal combustion engine vehicles. As EVs are considered a significant technological breakthrough with potential environmental benefits, they can be categorized as public-interest goods. However, they face a combination of cost and performance issues that limit their competitiveness, which is why their introduction in the market is ensured by governmental policies. Foremost examples of such policies are in the US and European Union, which promote EVs through several programmes and strategies. A notable number of governments have also announced the number of EVs they aim to have on roads by certain dates. For instance, in 2011, US President Obama expressed a target of one million EVs on the road by 2015. 1 In this study, we consider the intervention design problem for a specific application, the California EV market. Note that we refer to plug-in hybrids (PHEVs) and all electric vehicles (also called battery-electric vehicles (BEVs)) as EVs throughout the paper. In the US, various subsidy schemes have been adopted at the federal level and even the local level to encourage EV sales. Under the current policy at the federal level, the government offers subsidies in the form of a federal income tax credit of up to $7,500 for EVs purchased in or after 2010, based on the capacity of the battery used to fuel the vehicle. 2 At the state level, California implements a special consumer incentive program, the Clean Vehicle Rebate Project (CVRP), to promote the adoption of clean vehicles. 3 The project was launched in March 2010 and expected to end in 2015.
Under the CVRP, individuals, nonprofits, government entities, and businesses can receive a rebate up to $5000 on top of the $7500 federal tax credit for the purchase of eligible vehicles, which include zero emission vehicles (ZEVs) (BEVs are categorized as ZEVs), PHEVs, neighborhood electric vehicles (NEVs), and zero emission motorcycles (ZEMs). According to current statistics, California is the leading state in clean vehicle adoption: although the state constitutes 10% of the total US car market, 40% of all PHEVs purchases are from California. 4 Also, a May 2013 PHEV driver survey 5 reports that 47% of purchasers rate the state rebate as the most important factor in their decision to purchase a PHEV. From these statistics, we can better understand the significance of a state rebate on the motivation for EV purchases. Most of the infrastructural investment to increase the efficiency and reliability of the technology is expected to attract more customer demand (see p. 8, [36] ). Following the discussion on the pp. 6-7 of the document [36] , on the other hand, these R&D investments mostly were completed before 2012, and hence we assume that those effects are already reflected in the current demand estimates.
Unfortunately, however, the statistics indicate that current policies are insufficient to reach nationwide goals on clean vehicle market growth. According to an Information Technology and Innovation Foundation report [13] , the right policy to encourage mass adoption of electric vehicles is a combination of subsidies and battery research funding to remove technological barriers, which parallels the mechanism we introduce in Section 3. Electric vehicles have been only recently introduced in the market and their ongoing development is open ended, dependent on investments in battery improvement technologies and production processes. Several research projects are currently underway to improve battery technology, but these developments must be fostered more aggressively. Thus, balancing available funds between research and development, and rebates is a key issue in resolving the adoption problem.
We use the newsvendor context in the EV example, which implies that there is a single period and a monopolist retailer. Obviously, the retailer does not make a single production decision; instead he is making major decisions each year, and then more detailed decisions each month or week. Hence, it is critical to emphasize that the quantities found should be interpreted as capacity decisions of the retailer. Also, there are many EV models and hence competing manufacturing firms available in the market. However, in this problem we aggregate the retailers and investigate the industry-wide problem, because our main concern is the reaction of the industry to the intervention mechanism.
Specifically, our numerical study addresses the following issues: (1) the value of the joint mechanism, (2) the performance of the joint mechanism in short-term versus long-term planning, (3) the impact of uncertainty on the results, and (4) the applicability of the proposed model.
Before proceeding with the numerical results, we first describe the demand model, objective function, and how we choose and calibrated parameter values.
Demand model and objective function
We use two different distributions to represent EV demand and conduct separate computational studies to evaluate the robustness of the results with respect to distribution. The demand of a product like an EV, which is in the early stages of adoption, is expected to be highly uncertain. So, at first we assume demand to be exponentially distributed. Subsequently, we consider the case that demand follows a lognormal distribution, as it allows us to assess the impact of demand uncertainty on the results. Note that we consider the mean demand function given in (14) for both distributions.
Motivated by the EV market's circumstances, we choose the central authority's utility function as given in Assumption 1. By utilizing this objective, we choose expected sales value to assess the benefits to society for this application. The US government is concerned with increasing the number of EVs on the road, and President Obama has announced an adoption target. Therefore, the expected sales will be a realistic function to capture benefits to society and it is consistent with the current market environment. 6 
Choice of parameter values
The cost parameters in this numerical study are based on the market data of a specific model, the Nissan Leaf. The Leaf is an all electric vehicle constituting a global market share of 45% as of the first quarter of 2014 [28] . The manufacturer's suggested retail price (MSRP) for the Leaf 2013 is $28,800 [29] in the US, and it is eligible for a rebate of $2500 by the CVRP 7 on top of a federal income tax credit of $7500. 8 Thus, the price the customer is willing to pay is reduced to $18,800. Also, from market data we find out that the factory invoice, i.e. the amount the manufacturer charges the dealer (c), is $26,986 [35] .
The demand model's parameters are derived from the California Energy Commission's report on state energy demand forecasts between the years 2012 and 2022 [6] and statistics obtained from the California Center for Sustainable Energy (CCSE)'s website. 9 The California Energy Commission's report tabulates the projected number of BEVs and PHEVs on the road for low scenario and high scenario cases for selected years between 2011 and 2022. Accordingly, the forecasts of the relevant periods are listed in Table 1 . The CCSE's website offers interactive access to data and analyses of the CVRP project. From the database accessed at the end of January 2014, we determine that the rebates issued under this program as of the end of 2013 were approximately $95 million for 45,000 vehicles (note that we only consider rebates given to ZEVs and PHEVs in this calculation). Thus, the realized rebate is $2116 per vehicle for the current case in addition to the federal tax credit of $7500.
We utilize the current structure of the intervention mechanism and realized outcomes to set the demand model's parameters (μ 1 and d in Eq. (14)) for the three years period of 2011 through 2013, and set the salvage value to its final values. As noted earlier, r is $2116 per vehicle and sales up to end of 2013 were 45,000. By setting expected sales equal to 45,000 we obtain a condition that yields a relationship between s and μ 1 À d when solved together with the newsvendor optimality condition, particularly for each distribution. Note that these conditions are determined under the assumption that no investment is made in battery development during these years (i.e. B d ¼0). Note that this is consistent with what is reported on the pp 6-7 of [36] . However, we can also interpret the value of B d as additional investment, if the current policy includes investment for battery development. We test our model for both low and high salvage values, which are 65% and 80% of the MSRP value, respectively. Following the conditions we derived, s and μ 1 À d pairs considered for the current structure appear to be as tabulated in Table 2 . Next, we find d values corresponding to these pairs by fixing μ 1 to the total forecast of the high scenario for these years, 332,559. Notice that as the salvage value increases so does d. This result indicates that the potential to improve demand by investing in battery development is high for larger salvage values. Moreover, we assume the values of a and k to be, respectively, 1.1 and 10 À 8 throughout the analysis. Suppose that the low scenario occurs with probability α. αð43; 113Þþð1 À αÞð332; 559Þ ¼ μ 1 À d), we obtain α values, as in Table 2 . Assuming that the same state of the world is preserved, we use α values to estimate the demand parameters of future periods for each particular data set. Similar to Table 2 above, we present the demand model's parameters to be used for mediumand long-term scenarios in Appendix B.
To determine the monetary value per expected sales (β), we use a version of the proposed model to calibrate the parameter. We specifically solve a subproblem of Model JM, which is provided in Appendix C. This subproblem decides on B d , B r , r, and Q with the objective of maximizing expected sales for a given budget level. Note that the constraints are similar to those in Model JM. As input, we rely on the cost and demand model's data described above and we consider the budget spent as of the end of 2013 ($95 million). We solve the subproblem for exponential distribution and lognormal distribution with varying coefficient of variation values. Next, we extract the Lagrange multiplier value of constraint (C.2), which gives us the marginal increase in the expected sales from a unit relaxation of the budget. Note that reciprocal of the Lagrange multiplier corresponds to the monetary value of expected sales, β. We report the estimated β values for each case in Table C1 in Appendix C. To be inclusive, we consider the range for β as [3200-5100], and use the upper and lower limit, and intermediate value of the range in the numerical studies, which are {3200, 4150, 5100}.
We conduct three sets of analyses for exponential distribution and lognormal distribution with varying coefficient of variation values: (1) base-case scenario (current structure) using the estimates discussed in this subsection, (2) medium-term scenario including the years 2011 through 2015, and (3) long term scenario including the years 2011 through 2022.
Before continuing with the numerical results, we list the parameters that take the same values for each scenario: p ¼26,300, c ¼26,986, a¼ 1.1, and k ¼ 10 À 8 . Note that p ¼ 26,300 considers 18,800, amount customer is willing to pay, plus 7500 tax credit that comes from the federal government, which is not a part of California's budget. Further, if lognormal distribution is used to represent the demand, we restrict our analysis for constant coefficient of variation.
Main results
The cases considered in the computational study are labeled and summarized in Table 3 . Notice that the letters in labels are assigned in the order of increasing values of β first, then in increasing values of coefficient of variation. For each set, we tabulate the results in Appendix D for the joint mechanism (JM), and also for the decentralized (DA) and base decentralized (BDA) approaches, which can be regarded as benchmarks. The tables include utility values, expected sales, details of the mechanisms, mean demand, and expected profit of the retailer, which is calculated by expression (7) . For the case study, we solve the decentralized and base decentralized approaches with a given rebate of $2116, which is the current realized rebate in California. A no-intervention case cannot be employed as a benchmark for this case, because c 4 p and rebate must be given for the system to operate. It is necessary to reemphasize that the quantities presented throughout the study should not be interpreted as the number of vehicles to be manufactured, but as the capacity plan of the retailer.
Base-case scenario (2011-2013)
For this scenario set, we consider cases 1a through 4i and demonstrate their associated results in Tables D1-D3 in Appendix D.
When exponential distribution is used to represent demand, we observe that the joint mechanism is not applied in general, mainly due to the structure of distribution and the cost values. Since c 4 p for the vehicles and uncertainty is very high, the central authority gives priority to increasing the vehicle's profitability to encourage the retailer to order more. However, when lognormal distribution is under consideration, the joint mechanism is implemented for most of the cases.
For this scenario set, we report the percentage improvement obtained by implementing the joint mechanism compared to the current policy (Model BDA) for the medium β value in Table 4 . The percentage values indicate that the percentage utility loss is minimal, less than 1%, when demand distribution is exponential. Thus, we can say that the current policy is reasonable if exponential distribution is a better candidate to represent the demand. On the other hand, the joint mechanism performs better than the current policy under lognormal distribution.
One can also see from the solutions that the changes in results are as expected in response to the changes in β. Particularly, utility, expected sales, rebate amount, quantity ordered, and the retailer's Table 3 Cases considered in the computational study. increases, which consequently makes the joint mechanism more valuable. In summary, as very much expected, the adoption of vehicles is accelerated with an increase in the benefits to society per unit of expected sales. Note that we can explore the problem by analyzing Pareto optimal curve along which optimal budget and expected sales or utility are shown. Fig. 1a and b in Appendix E depict Pareto optimal curves for one of the parameter settings.
Medium-(2011-2015) and long-term scenarios (2011-2022)
The details of the solutions for the cases considered can be found in Tables D4-D6 and in Tables D7-D9 in Appendix D for medium-and long-term, respectively.
After analyzing all scenarios, we see that the value of the joint mechanism in terms of utility is substantial for the cases with high s or d values. Moreover, we observe that the value of the joint mechanism is especially recognized in long-term planning (see Table 5 ). Long-term planning allows one to clearly see the evolution of demand by the investment amount and thus helps the central authority better manage the budget.
The other observations and findings related to mechanism performance are similar to the base-case.
Consistency check with US administration targets
We perform the medium-term scenario analysis to observe whether the 2015 goals 10 are met under the mild assumption that the same state of the world is preserved. As discussed earlier, California constitutes 10% of the total car market in 2013. Thus, using 10% the goal for our case emerges as having about 100,000 EVs on the road in California by 2015. On the other hand, 2013 statistics on EV purchases reveal that 40% of sales are in California.
The results obtained by joint mechanism take values between 100,000 and 400,000, which imply that the numbers obtained by the proposed mechanism are within the 10-40% bound. This can be interpreted as follows: as the number of vehicles on the road increases, one would expect California dominance on sales percentage to drop, as there will be increasing sales in other US states as well. Moreover, according to an article published in New York Times, 11 there are 150,000 electric vehicles in California by the end of 2015. Expected sales values found by base decentralized approach (reflecting the current practice) in the medium term are very close to the realized sales, i.e. in the range of ½134; 600; 146; 600, which can be considered as another benchmark validating our parameter estimations.
Analysis of results
In this section, we use the numerical results provided in the previous section as a basis to further investigate two main issues: (1) the impact of uncertainty on the solutions, and (2) expected excess budget required.
Impact of uncertainty
The results of the lognormal distribution case indicate that demand uncertainty can have a huge impact on the results, hence this leads us to investigate the impact of uncertainty on four specific outcomes: (i) rebate amounts issued, (ii) the retailer's expected profit, (iii) utility attained, and (iv) percentage improvement compared to base decentralized approach. We report the analysis for only one salvage value, i.e. $23,040, at the medium β level, i.e. 4150, since the findings are similar to other combinations of salvage value and β values. Tables 6-10 show how each of these outcomes varies with the level of uncertainty under different horizons.
Rebate amount: The impact of the increase in demand variability is in two levels, i.e. it decreases the potential to improve demand (d value) while increasing the retailer's risks of overordering and under-ordering. These conditions thus result in Table 5 Percentage improvement of the utility with respect to current policy in the longterm when β ¼4150. html?smid ¼nytcore-ipad-share&smprod¼nytcore-ipad&_r¼ 0.
larger rebate amounts for higher coefficient of variation values. Moreover, we observe that the rebate amounts remain constant with respect to changes in the horizon length as shown in Corollary 3.1.
Retailer's expected profit: The values given in Table 7 are the retailer's expected profit for the whole horizon of the associated scenario. When comparing the expected profit for varying demand uncertainty levels, as expected profit is smaller for higher values of the coefficient of variation. This observation implies that the retailer suffers from increasing levels of demand uncertainty in terms of expected profit.
Utility and percentage improvement with respect to the current policy: The best results in terms of utility (or utility per year, which can roughly be found by dividing the numbers in Table 8 by the number of years considered in the corresponding case) appears when the coefficient of variation is lowest. Moreover, the results in Table 9 display the negative impact of uncertainty on the performance of the joint mechanism relative to the current policy (base decentralized approach). The reason behind this finding is that the investment made in battery development only affects the mean of the demand while increasing the variation proportionally. However, if a demand-increasing strategy that will also reduce variability is implemented, the joint mechanism will be more effective for higher demand values.
Another benchmark to use would be decentralized approach (Model DA). Model DA allows for spending on demand-increasing strategies, while setting the rebate value to its current level. Percentage improvement of utility achieved by Model DA relative to current practice is presented in Table 10 . Note that considering both intervention strategies, even one of them is set with respect to other considerations, will improve today's solution.
Expected excess budget required
We express the budget constraint on the amount of rebates (Eq. (9)) in terms of expected sales. This formulation may lead to the discovery that the actual cost of rebates is higher than B r once the demand is realized. Thus, we quantify the expected excess budget required to check whether the amounts are reasonable.
Defining E½EB as expected excess budget required, we measure it by
Note that the expected budget overflow is equal to this amount. Table 11 displays the expected excess budget required and its percentage relative to the applicable budget in parentheses, respectively. Again, we only show the results for the salvage value of $23,040 at the medium β value for the three mechanisms considered. Recall that the rebates issued under the joint mechanism are less in relation to the decentralized and base decentralized approaches, which is why in general the percentage of E½EB relative to budget is larger for the decentralized and base decentralized approaches. The results indicate that the government has more risk if it regulates the system by a single intervention tool. Moreover, if we evaluate the expected excess budget required on the basis of the percentage of budget under consideration, we observe that the percentages vary from 3.1% to 12.4%. Thus, we can conclude that the expected excess budget required does not appear to be too large relative to the government's budget.
Conclusion
In this paper, we study the problem of designing an intervention mechanism for public-interest goods. More specifically, we consider a system composed of a retailer and a central authority that regulates the system through a joint mechanism in which demand-increasing strategies and rebates are used. The main goal of the intervention is to encourage the retailer to make decisions that would best benefit the system. By formulating the system via bilevel programming, we do not solely maximize utility, but also consider the retailer's expected profit. We characterize the structure of the solution and show that the rebate amount may be independent of the investment made in demand-increasing strategies and improvement pattern of mean demand.
In this study, we define expected excess budget that plays a supportive role in decisions to be made. We believe that with stochastic constraints, such quantities should be computed to reflect possible risks in the decisions made.
We attempt to validate the benefits of our model with available data from the California electric vehicle market. The results of this case study demonstrate that the joint mechanism brings considerable benefits in terms of utility.
Another important finding of the case study is that when the problem is solved considering longer horizons, the proposed joint mechanism exploits the range of possibilities more extensively.
Table 10
Percentage improvement of utility achieved by decentralized approach with respect to base decentralized approach (%) when β ¼ 4150 and s ¼23,040. Also, demand variability turns out to be an extremely important factor for the environment considered in the case study. Based on our results, we conclude that approaches that do not consider demand variability may lead to erroneous decisions. This finding is especially apparent in the decision on rebate quantity, as well as in the expected budget that would be required by the central authority.
Note that this modeling framework can be modified for alternative intervention mechanisms, i.e. a subsidy given to the retailer per unit ordered or direct investment affecting any other parameter of the system. Since both mechanisms achieve similar results, we do not analyze them in depth. This possibility allows the central authority the ability to formulate a bilevel program for each intervention scheme and compare the effect of each scheme. Another improvement can be to represent more than one factor that will change the mean demand, each factor requiring a separate budget. A good example can be depicted from [26] : R&D efficiency is not only a function of research expenditure, but also research manpower. Hence, more realistic representations can be used to replace Eqs. (14) and (20) .
Appendix A. Proofs
Proof of Corollary 3.1.
. Hence, we can express expected sales as:
ðA:1Þ
Using (A.1) for the expected sales, the objective function can be written as:
ðA:2Þ
Next, we consider first order condition of (A.2) with respect to r, which is given below:
ðA:3Þ
After evaluating (A.3) for exponential and lognormal distribution and rearranging, it can be shown that optimal rebate is independent of μðB d Þ for the mentioned distributions.
(i) Assume that demand is exponentially distributed with mean μðB d Þ. Then, (A.3) can be written as: (ii) Assume that demand is lognormally distributed with parameters ðv; τÞ and mean μðB d Þ.
Given the optimal solution of the newsvendor problem, Q ¼ F
3) can be expressed as follows: 
Proposition C.1. Consider the objective function given in (C.1). Then, the following relationships hold at the optimal solution, ðr
Proof. (a) Suppose to the contrary that there exists some solution
n r , and it has a higher objective function value. Assume that we keep . Since the objective function is increasing concave with respect to Q, the new solution will give a higher objective value, which contradicts with optimality. Continuing in this manner, i.e. increasing r by small increments, we will reach ðr n ; Q n ; B 
Appendix D. Computational results
We solve our models by the nonlinear solver CONOPT within the GAMS environment. We also perform runs with different nonlinear solvers included in GAMS environment, such as MINOS, BARON, KNITRO, etc. However, we attempt to solve our data instances with CONOPT because it produces more reliable results. The solutions are obtained very quickly, in approximately 0.004 s, because the problems are not very large. 
Appendix E. Examples for Pareto optimal curves
We present illustrative examples of Pareto optimal curves based on the solutions of one case with lognormal distribution, cv ¼1.2, and s ¼ $23; 040. Figures plot the utility and expected sales values in the increasing order of βs. Note that each star corresponds to a different β value with its budget amount on the horizontal axis. If one solves the subproblem provided in Appendix C with the reported budget values, the same solutions will be obtained. Fig. 1a shows the optimal budget amounts and the resulting utility values as defined in (15) . Fig. 1b illustrates optimal budget amounts and expected sales. As expected, expected sales shows a diminishing rate of increase with respect to increase in budget.
